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ABSTRACT

Food recommender systems show personalized recipes to users
based on content liked previously. Despite their potential, often
recommended (popular) recipes in previous studies have turned
out to be unhealthy, negatively contributing to prevalent obesity
problems worldwide. Changing how foods are presented through
digital nudges might help, but these are usually examined in non-
personalized contexts, such as a brick-and-mortar supermarket.
This study seeks to support healthy food choices in a personalized
interface by adding front-of-package nutrition labels to recipes in a
food recommender system. After performing an offline evaluation,
we conducted an online study (N = 600) with six different recom-
mender interfaces, based on a 2 (non-personalized vs. personalized
recipe advice) x 3 (No Label, Multiple Traffic Light, Nutri-Score)
between-subjects design. We found that recipe choices made in the
non-personalized scenario were healthier, while the use of nutri-
tion labels (our digital nudge) reduced choice difficulty when the
content was personalized.
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1 INTRODUCTION

The popularity of recipe websites has increased in the past years,
particularly due to the covid-19 pandemic [42]. At the same time,
this poses a serious decision-making challenge due to the abundance
of food-related content on recipe websites, such as food images,
categories, and cooking videos. Recommender systems can help
users to filter that information, narrowing down the options to
choose from based on user preferences or needs to present the most
relevant content [21].

Research on food recommender systems has shown how to facil-
itate people’s food decision-making [24, 57]. Based on bookmarks
and ratings given to recipes by users, such recommenders retrieve
recipes that contain, for example, the same ingredients as recipes
liked previously. Because such recommender tend to push pop-
ular content, their success backfires in the sense that the often
recommended, popular content tends to be unhealthy [55], thereby
negatively contributing to societal health problems, such as obesity
and diabetes.

Industrial practitioners and researchers have suggested solu-
tions to mitigate the unhealthiness of such food recommenders.
Among them, health-aware recommender systems examine how
health-related outcomes could be modelled [16, 28]. Moreover, food
recommender approaches that do not optimize for user preferences
but for nutritional needs have also emerged [2, 4, 43]. However, rec-
ommender approaches that forgo on a user’s past food preferences
tend to lead to lower levels of user satisfaction [36], as a health or
nutrition-focused approach is at odds with the propensity to like
‘common’, popular foods [57].

What content is suggested (i.e., based on what user model, algo-
rithm) is only one aspect of a recommender system. The interface,
specifically how the content is presented, is arguably an opportu-
nity to also steer user choices towards healthier options [35]. In
this sense, nudging has shown to be an effective technique to affect
user choices and to lead to behavioral change in the food domain
[6, 51]. Food-related nudges have been offered to consumers in
various offline contexts, such as supermarkets and cafeteria [51], in
an attempt to predictably affect user choices without mitigating the
freedom of choice. These nudges affect ‘daily’, rather unconscious
decisions that rely on heuristic cognitive processes [26]. Indeed,
health-related nudges could serve as a mental shortcut to users who
do not wish to put effort and time into their food choices [6, 46]. A
meta-review of more than 60 studies on nudging interventions for
healthy food choices shows that 80% of nudging interventions (e.g.,
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through product placement at eye sight, use of defaults, priming)
leads to a 15% average increase in healthy nutritional choices [32].

The use of nudges in online contexts, often referred to as ‘digital
nudges’, has only emerged in the past years [23]. Although digi-
tal nudges have already been applied to internet-sourced recipes
[3,49], their effectiveness has only been studied in non-personalized
contexts, outside the recommender context. We argue that the ef-
fectiveness of nudges observed in one-size-fits-all contexts, such as
in a brick-and-mortar supermarket, may not hold up once the con-
tent already fits a user’s preferences. The effectiveness of nudges
should be regarded as a means to bridge the attitude-behavior gap
[27], which usually does not apply to contexts where the presented
content already fits the user’s attitude (i.e., as a proxy for her pref-
erences).

Moreover, a nudging intervention is not as ‘invasive’ as changing
the content in a recommender system [23, 25]. By adding a health-
based nudge to a constant set of recommended item, it could be
possible to steer user preferences towards healthier options without
reducing the user’s level of satisfaction, which is expected to occur
when recommended on nutritional content only [57].

In a first scientific attempt to bridge the gap between health-
iness and what people like (i.e., user satisfaction), we introduce
digital nudges to a recipe recommender system. To emphasize the
health content of recipes, we introduce a cognitively oriented, in-
formational nudge [6, 49] in the form of nutrition labels that are
used on the front of food packaging (e.g., Nutri-score). Cognitively
oriented nudges mainly motivate people to make better-informed
decisions based on what they know effortlessly [6], by making spe-
cific information more salient [60]. In our case, this may particularly
help people who lack nutritional knowledge regarding the foods
or recipes they are considering to choose [61]. The choice to do so
in this paper is motivated by making healthy foods ‘stand out’, as
many food decisions are made without much cognitive effort (cf.
[26]), using nutritional labels such as “Multiple Traffic Light” and
“Nutri-score” [18].

We are among the first to use digital nudges in the context of food
[24, 48, 60], as well as among the first to apply such front-of-package
labels to recipes. In an online user study, we test the effectiveness of
two different nutrition label across both non-personalized and per-
sonalized recommender interfaces. In addition, we examine whether
this also depends on whether a user is interested in cooking healthy
recipes, by inquiring on self-reported dietary goals. We address the
following research questions:

e RQ1: To what extent do nutrition labels steer users
to healthy recipe choices across personalized and non-
personalized food recommender systems?

e RQ2: To what extent do personalization and nutrition labels
affect user choice satisfaction and difficulty?

e RQ3: To what extent do user-based and evaluative factors
predict the healthiness of a chosen recipe?

This paper is structured as follows. Section 2 presents the related
work to our research, while our methodology is presented in Sec-
tion 3, where we report the results of the offline recommender
evaluation of our recipe dataset, as well as the research design of
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our online evaluation. Section 4 presents the results of our statis-
tical analyses, of which the implications are further discussed in
Section 5.

2 RELATED WORK

Digital technology can play an important role in supporting health-
ier food choices. However, the current approaches may be biased
towards short-term user preferences [12, 29], rather longer-term
goals [44]. We discuss how digital nudges, specifically nutrition
labels, can support healthier food choices across personalized and
non-personalized recommender interfaces.

2.1 Recommender Systems

Recommender systems retrieve and present content to users based
on what they liked in current or previous sessions [22]. Whereas
much work has been conducted in leisure and e-commerce domains,
such as movies and books [40], the number of studies performed
on food recommender systems have only increased in the past
decade [57]. To make sense of contemporary food recommender
systems, it is argued that there are three dominant types of ap-
proaches, in terms of what type of data or goals are used for per-
sonalization [36, 46].

The most traditional approach for food recommenders is to opti-
mize their algorithms based on a user’s eating preferences only [14].
This could come in the form of ratings and bookmarks on recipe
websites [14], or through past purchases in an online supermar-
ket environment [64]. For the recipe domain, most models assume
that users like to receive recipe suggestions containing ingredi-
ents that they liked in the past [14, 20], or recipes from the same
category [45, 58], typically exploiting Collaborative Filtering and
Content-Based methods [57].

The two other types of food recommenders either only focus
on the nutritional needs of the user [36], or aim to balance user
preferences and nutritional needs [4, 46, 52, 57]. This can be incor-
porated in the form of constraints for specific nutrients in recipe
retrieval [37, 53], or by suggesting foods to eat or buy based on
missing nutrient or a user’s health status [33, 59]. Agapito et al. [2]
present a knowledge-based nutritional recommender system based
on the user’s health condition, using a profiler to process user in-
formation and matching that to a database of nutritional advice.
Whereas nutrition-based recommenders can lead to comparatively
lower levels of user satisfaction [57], other approaches apply a
hybrid recommender approach. To balance both health and user
preferences, a few approaches have adopted a hybrid approach in
which similar recipes are retrieved and re-ranked based on a specific
health-related feature [45, 55]. Beyond the food domain, health has
also been the focal point of investigation [43], such as to promote
physical activity or to suggest medical adherence behaviors.

2.2 Digital Nudges

Most food recommender studies do not investigate beyond changes
in the recommended content [23, 44, 49]. Nudges can support users
to make healthier food choices [51], for example by making them
more aware of a recipe’s nutritional content [3], without changing
the presented content. Although food-related nudges have been
successfully applied to offline contexts [6], such as by re-arranging
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a supermarket shelf to display healthy products at eye level, much
less is known about the effectiveness in digital contexts [49].

An important difference between, say, a brick-and-mortar su-
permarket and a recipe website with a food recommender system
is the level of personalization. Although nudges are effective in a
physical supermarket [6], it remains an open question whether they
are effective if the context is already personalized towards what a
user likes? And, as a problem that is specific to this paper, would
they still support healthier recipe choices amidst a personalized list
of recipe recommendations?

Different types of nudges could be used to address these ques-
tions. Cadario et al. [6] discern between three types of healthy
eating nudges: cognitively oriented nudges (e.g., through informa-
tional visibility or cues), affectively oriented nudges (e.g., through
attractiveness food images [49]), and behaviorally oriented nudges
(e.g., re-ranking lists of recommendations on health [3, 49]). The
focal point of this paper is the use of informational nudges, as such
could also be easily applied beyond the food domain. For example,
emphasizing specific information on an e-commerce website might
also ‘nudge’ users towards different purchases (cf. [23]). Moreover,
behaviorally oriented digital nudges are less interesting to examine
in this context, as some are commonly applied in recommender
systems: the most relevant items are typically presented first [40].

2.3 Nutrition Labels

The health-based cognitively oriented or informational nudge ex-
amined in this paper is the addition of a nutrition label. Our work
is based on Front-of-Package (FoP) labels [11, 61], found on indi-
vidual products in supermarkets. MRI studies have revealed that
the addition of a food label that either emphasizes the healthiness
(e.g., high in calories, low in fat) or taste (e.g., sweet and juicy) of
a food item, leads to varying brain activity [17], which could thus
facilitate a shift towards healthier food choices.

Recently, more research has emphasized the importance of nu-
tritional food labels to support people in meeting dietary intake
levels [50]. Several guidelines have been found in the literature
for designing food labels, such as capturing consumers’ attention,
as well the ease with which consumers can process, evaluate, and
influence the decision-making [19, 38]. Accordingly, in several stud-
ies, Multiple Traffic Light (MTL) and Nutri-score nutrition labels
have been found to lead to an increase in healthy food choices,
compared to other types of food labels [10, 35, 41].

2.4 Contribution

Our work examines to what extent we support users in making
food decisions online, while not mitigating their experience with
using a personalized recommender system. The reviewed related
work shows that we are among the first to combine personalization
and nudging (cf. [47]), particularly in the food domain. In doing so,
we propose a novel application of behavioral economics strategies
within a recommender system, with the following contributions:

o Applying nutrition labels to recipes to examine whether they
can support healthy food choices.
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o Comparing the effectiveness of nudges across personalized
and randomized advice interfaces in the recipe retrieval do-
main, combining content based on user preferences with
context based on health needs.

3 METHODOLOGY

The following sections describe the proposed methodology for our
offline and online evaluations. We first describe the dataset used,
after which we determine which algorithm attains the highest ac-
curacy level. The setup of our recommender interface, the followed
procedure and research design, and the used measures are explained
thereafter.

3.1 Dataset

We consulted a recipe database from the website Allrecipes.com,
which was used in previous recommender studies [45, 58]. It initially
contained over 58263 recipes, which were arranged into several
food categories. For our studies, we narrowed down the dataset to
four food categories (cf. Table 1), from which we randomly sampled
a dataset of 991 recipes. The dataset included basic and nutritional
recipe metadata: URL image, number of calories, servings and serv-
ing size, and saturated fat, sodium, protein, fat, and salt. The mean
rating given to the recipes was rather high: 4.45 on a 5-point scale
(SD=0.04).

Table 1: Allrecipes.com dataset used for algorithm training
and the user study.

Recipe Category Number of Recipes
Meat and Poultry 444
Fruit and Vegetables 339
Barbecue 123
Pasta, Noodles and Seafood 85

3.2 Offline Evaluation

To determine which recommender algorithm could best predict
user preferences, we performed offline evaluation on our dataset.
In doing so, we focused on the highest level of accuracy based on
the prediction error, through the Root Mean Square Error (RMSE)
and the Mean Absolute Error (MAE). The data was evaluated using
five-fold cross-validation, as was common in other recommender
studies [14, 56].

Table 2 reports the results. It was apparent that Singular Value
Decomposition (SVD) [15] outperformed other the other algorithms
that were included (e.g., SVD++, NMF, KNNWithMeans), in terms
of the prediction error measured. Hence, SVD was integrated into
our recommender interface for our online evaluation, to match
the presented recipes to elicited user preferences. This would be
compared against a random recommendation scenario, based on a
random generator function described in [34].

3.3 System Design and Procedure

We developed an interactive recommender system that gener-
ated recipe recommendations. All users were asked to fill out a
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Table 2: Offline evaluation: comparison of different recom-
mender algorithms based on the prediction errors.

Algorithm RMSE MAE
BaseLine predictor ~ 0.72 0.55
Co-clustering 0.71 0.53
KNNBaseline 0.33 0.20
KNNWithMeans 0.33 0.21
NMF 0.62 0.49
SlopeOne 0.52 0.38
SVD 0.18 0.12
SVD++ 0.38 0.28

questionnaire on their basic demographics (i.e., age, gender, level
of education), as well as their self-reported food-related behaviors,
such as their level of cooking experience, the healthiness of their
eating habits, any specific eating goals (e.g., eating less sugar), and
dietary restrictions. Subsequently, they were asked to select one out
of four preferred food categories, from which they would receive
recommendations.

To elicit user preferences, all users were asked to provide prefer-
ence ratings to a list of ten recipes from the preferred food category.
Half of the presented recipes were designated as healthy, based
on an FSA health metric (cf. Subsection 3.6.1), while the other half
were designated as unhealthy. Afterwards, all users were presented
a list of ten recipes, which was either personalized on the given
ratings or not (cf. Subsection 3.4), and again discerned between
five healthy and five unhealthy recipes. Each recipe depicted its
calories, the number of servings, the serving size in grams, the title
of the recipe, and a photo; see Figure 1. Depending on the research
design, a nutrition label (i.e., Nutri-Score or Multiple Traffic Light)
was shown or not.

Each user was asked to choose one recipe they would like to cook
at home. This was followed by a short questionnaire to evaluate the
user experience regarding choice satisfaction and choice difficulty.

No labeling

Goat Cheese & Spinach Turkey Burger

Calories Servings Serving Size

23680 ()

Select Recipe

Nutri-score labeling

Pork Chop and Feta Skilet Goat Cheese & Spinach Turkey Burger

Glories  Servings Serving Sze

349 8 236.580(8)
NUTRI-SCORE

Calories
316 4

Servings  Serving Size
27297(g)

Select Recipe

Rating phase
MTL labeling
Goat Cheese & Spinach Turkey Burger

Calories Servings
349 8

Serving Size
23680 (g)

Figure 1: Examples of how individual recipes were presented
to the active user across different labeling conditions.
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3.4 Research Design

The recommender interface and the presented recipes were sub-
ject to a 2 (recommendations: personalized vs. non-personalized)
x 3 (Labeling systems: no label vs. MTL vs. Nutri-score) between-
subject design. In the personalized scenario, we used the given
ratings to generate a list of ten personalized recipes using an SVD
recommendation method. In contrast, the non-personalized sce-
nario generated a list of random recipes from the preferred food
category. Within each recommendation scenario, the baseline group
was presented ten recipes without any labeling annotation, while
the other two treatment groups interacted with recipes that were
annotated with either MTL or Nutri-score labels. This variation
in label annotation is also depicted in Figure 1. Accordingly, the
participant was randomly assigned to any of the six conditions.

3.5 Study Participants

We recruited 600 Amazon MTurk workers to participate in our
online study. The recruitment was based on a high level of hits (>
500 hits) and each participant was compensated with 1 USD for the
task that approximately required 10min. Overall, participants (42%
female) in this experiment were on average 39.53 years old, and
had almost all attained their high school diploma.

3.6 Measures

3.6.1 Recipe healthiness. The healthiness of recipes could be as-
sessed using various metrics (e.g., WHO, HCTS (7, 39]). In our
study, we adopted the most commonly validated measure for food
healthiness, the FSA score, which was issued by the British Food
Standards Agency [9].

The FSA score was composed of four different nutrients: fat, sat-
urates, sugar, and sodium. For each nutrient, it discerned between
low, medium, or high content within a recipe. One point is assigned
for each level (low, medium, high) per nutrient, leading to a scored
scale that ran from 4 (healthiest) to 12 (least healthy). For example,
fat content was designated as low if it fell below 3g per 100g served,
while a medium range for saturated fat fell between 3g/100g and
17g/100g served. High recipe content not only considered the per
100g content, but also the total weight in g per serving. All compu-
tational details about the FSA score were reported in Starke et al.
[49]. Table 3 presents the FSA score distribution of recipes found
in our dataset.

We discerned between healthy and unhealthy recipes based on
the FSA score. Recipes were considered healthy if their FSA score
fell between 4 to 8, while ‘less healthy’ recipes had an FSA score
between 9 and 12.

Table 3: The FSA scores for recipes used in our study.

FSA score
Number of recipes 4 43 102 150 158 199 295 24 16

4 5 6 7 8 9 10 11 12

3.6.2  Nutrition Labels. The FSA score formed the foundation of
the MTL labeling system [9]. Accordingly, each recipe nutrient
was represented by a color that indicated whether the amount
found in the recipe was considered low (green), medium (amber), or
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high (red). On the other hand, the Nutri-score labeling system [8]
signalled recipe healthiness through a color-coded summary evalu-
ation, ranging from dark green -A- (healthiest) to dark red -E- (least
healthy), which was based on energy, nutrients, and ingredients.
Table 4 presents the Nutri-score of the recipes found in our study.

Table 4: The Nutri-scores for recipes used in our study. (A):
highest nutritional quality, (E): lowest nutritional quality.

Nutri score A B C D E
234 278 898

Number of recipes 171 10

3.6.3 User Evaluation. For a user’s evaluation, we assessed their
experienced choice difficulty and choice satisfaction. Each metric
was measured using pre-validated questionnaire items [49, 62],
which are outlined in Table 5. All responses to our propositions
were recorded on 5-point Likert scales. Two questionnaire items
had to removed, for they negatively affected the respective values
of Cronbach’s Alpha, making it uncertain whether they measured
the same construct. The remaining four items resulted in acceptable
to good levels of reliability.

3.6.4 User Characteristics. As mentioned in Subsection 3.3, we also
inquired on a number of user characteristics and goals, which were
used to address RQ3. Besides basic demographics that were added
to the model as continuous variables (i.e., gender, level of education,
age), we also inquired on a user’s self-reported level of cooking
experience and healthiness of eating habits (both on 5-point scales).
Moreover, we asked users to disclose any eating goals they would
have, such as eating less sugar or more protein. For our analysis,
we included the number of self-reported healthy eating goals a
continuous variable in our model (M=1.79, SD=1.53).

4 RESULTS

We analyzed the healthiness of chosen recipes across different
recommendation approaches and label annotations (RQ1), as well
as the choice satisfaction and choice difficulty reported by our
system users using two-way ANOVAs (RQ2). Finally, we predicted
the healthiness of chosen recipes using different types of factors in
a regression model (RQ3).

4.1 RQ1: Healthiness of Chosen Recipes

We examined the FSA score of chosen recipes across all condi-
tions. Figure 2 depicts the choice distribution in terms of whether
recipes were designated as healthy (FSA < 9) or unhealthy (FSA >
8). We found that 65% of chosen recipes were healthy in the non-
personalized scenario (random recommender algorithm), while 60%
of recipes chosen in the personalized scenario were unhealthy.
Whether any of the observed differences were statistically sig-
nificant was examined using a two way between-subjects ANOVA.
We predicted the FSA score of the chosen recipe using the em-
ployed recommendation approach (control: Random algorithm,
treatment:SVD) and the employed front-of-pack nutrition labels
(control: no-label, treatments: Nutri-score, MTL). Table 6 indicates
that whether recommendations were personalized significantly af-
fected the healthiness of chosen recipes: F(1,594) = 12.91, p < 0.01.
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B Less healthy
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Recommendation approach

Figure 2: Distribution of healthy and less healthy recipe
choices across our different recommender and labelling con-
ditions.

Concerning the nutrition labels, Table 6 indicates there were no
significant differences between any of the two labelled conditions
and the no-label baseline (both p-values > 0.05). Moreover, we nei-
ther observed any interaction effects between the recommendation
approach and the used labels (both p-values > 0.05). Figure 2 sug-
gests that the use of nutrition labels (both Nutri-score and MTL)
led to slightly more healthy recipe choices in the non-personalized
condition (compared to No Label), while the number of healthy
choices made in the personalized condition was actually lower for
both of the labelled conditions (again compared to No Label). How-
ever, as indicated by our ANOVA results, this interaction effect was
not significant.

We checked for additional differences using a post-hoc Tukey
HSD test. This confirmed that the mean FSA score of recipes cho-
sen in the no-personalization approach (M=7.87, SD=1.86) was sig-
nificantly lower than those chosen in the personalized condition
(M=8.35, SD=1.54). The Tukey test did not reveal any additional
differences. Taken together, these results suggested that a high level
of personalization of recipes led users to make unhealthier recipe
choices, while nutrition labels did not seem to mitigate this effect
and had only a small, non-significant effect in the non-personalized
condition.

4.2 RQ2: User Evaluation

We examined the user experience across all recommender system
conditions. We used two different two-way ANOVAs to predict
differences in choice satisfaction and choice difficulty levels.

The results for choice difficulty are described in Table 7. We
found a main effect of personalized on choice difficulty, indicating
that personalized interfaces led to a lower perceived choice diffi-
culty (M = 3.38, SD = 0.15) compared to our non-personalized
recommenders (M = 3.41, SD = 0.05): F(1,594) = 10.04, p = 0.002.
Although the addition of nutrition labels did not significantly af-
fect choice difficulty as a main effect (both MTL and Nutri-score:
p>0.05), we did observe two interaction effects with whether the
content was personalized or not. The combined presence of both



UMAP °22, July 4-7, 2022, Barcelona, Spain

El Majjodi, Starke and Trattner

Table 5: Questionnaire items for choice satisfaction and choice difficulty. Items in gray were omitted from analysis.

Measure Item Mean Alpha
I would recommend the chosen recipe to others. 4.02 .
Choice Satisfaction I think I would enjoy the chosen recipe. 4.27 '
My chosen recipe could become one of my favorites. 4.06
I changed my mind several times before making a decision. ~ 2.97 0.78
Choice Difficulty Making a choice was overwhelming. 2.96 ’
It was easy to make this choice. 3.83

Table 6: Results of a Two-Way ANOVA, predicting the health-
iness of chosen recipes across different recommendation
and labeling conditions. Note that label predictors were
added separately, as there was no clear hierarchy between
the Nutri-Score and MTL in terms of the expected effective-
ness. ***p < 0.001, **p < 0.01, *p < 0.05.

Factor (FSA score) df F
Model 5 319"
Nutri-score 1 1.39
MTL 1 0.55
Recommendation approach 1 1291
Recommendation approach * Nutri-score 1 074
Recommendation approach * MTL 1 086

SVD and Nutri-score (p<0.001), as well as SVD and MTL (p<0.001)
significantly affected choice difficulty.

To understand this interaction effect, please refer to Figure 3.
It depicts that the effect of personalization on choice difficulty
depended on the presence of nutrition labels. For the No Label
condition, it seemed that personalization increased the perceived
choice difficulty. In contrast, for both the Nutri-score and MTL
conditions, personalization decreased the perceived choice difficulty.
It seemed that the merits of adding nutrition labels depended on
whether the content was personalized.

Table 7: Results of a two-way ANOVA that predicted choice
difficulty across recommendation and labelling conditions.
***p <0.001, **p < 0.01, *p < 0.05.

Factor (Choice difficulty) df F
Model 5 474"
MTL 1 0.00
Nutri-score 1 1.64
Recommendation approach 1 10.04™
Recommendation approach * MTL 1 19.01"*
Recommendation approach * Nutri-score 1 11.82"

For choice satisfaction, however, we could not reliably infer a
model. We found that the Two-Way ANOVA model with person-
alization and label factors was not significantly different from an
empty baseline model: F(5,595) = 1.59, p > 0.05. This indicated that
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Figure 3: Means and standard errors of choice difficulty lev-
els, reported by users across conditions.
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Figure 4: Mean levels of choice satisfaction across all person-
alization (random vs SVD) and labeling conditions.

we could not reliably interpret the model’s parameters, and sug-
gested that there were likely no relevant differences in the model.
The lack of differences is also suggested by Figure 4, depicting only
small differences between personalization approaches across each
label condition.
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Table 8: Results of the linear regression model that predicted
the FSA score (i.e., inverse healthiness) of recipes chosen by
users, based on factors from the research design, user char-
acteristics, and user perception. ***p < 0.001, **p < 0.01, *p <
0.05.

Factor (FSA score) B S.E
Personalization & Labels

Nutri-score -.23 .16
MTL -.14 .16
Personalization AT 13
User Characteristics

Age -054 063
Cooking experience -.012 .085
Eating goals -29%* 12
Gender (Male) -.018 .13
Healthy eating habits -.080 .091
Level of education -.049 11
User Perception & Interactions

Choice difficulty -.28"* .09
Choice difficulty * Goals .079* .036
Intercept 9.54*** 49
R 0.053

4.3 ROQ3: Predicting Recipe Healthiness

Finally, we investigated the predictability of the chosen FSA score
(i-e., inverse healthiness), based on different types of factors using
a linear regression. In our model, we differentiated between factors
from the research design (i.e., personalization, labelling systems),
user characteristics (i.e., demographics, self-reported eating goals
and habits), and system perception (i.e., choice difficulty). Table 8
outlines the results!, which again confirms that personalization led
to unhealthier recipe choices (p<0.001), while this did not apply to
the different labelling systems.

With regard to user characteristics and perception, Table 8 points
out two additional significant predictors and an interaction ef-
fect. First, whereas cooking experience, habits, and demograph-
ics were not significant predictors, it did indicate that users with
more healthy eating goals chose recipes with on average lower
FSA scores (p<0.05). This suggested that the system could support
users with such goals to find appropriate recipes. Second, users who
perceived the decision-making process as difficult (i.e., a higher
choice difficulty) also made healthier choices: f = —.27, p < 0.01.
At the same time, we also observed a positive interaction effect
between the number of healthy eating goals and the reported choice
difficulty (p<0.05). This could be understood by considering both
predictors as being either high (positive) or low (negative): users
with many healthy eating goals and who perceived the decision
to be difficult made unhealthier choices, as well as users with no

We also explored other interaction effects, but found no relevant ones. Note that we
excluded choice satisfaction from this model, as this was an aspect that measured the
user’s experienced satisfaction after the recipe was chosen. Therefore, from a causal
point of view, it would not make sense to use it to predict the FSA score of the chosen
recipe.
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healthy eating goals and little choice difficulty. In contrast, users
with many healthy goals seemed to particularly choose healthy
recipes if they perceived little choice difficulty.

5 DISCUSSION

The effectiveness of digital nudges within recommender systems
has received attention to date [23]. In the food domain, however,
several studies stressed the potential of nudging strategies to ad-
vance public health in offline contexts [6]. In an attempt to bridge
brick-and-mortar supermarkets and recipe websites, we have filled
this research gap by applying an informational, cognitively oriented
nudge in a recommender system through nutrition labels.

Our results particularly contribute to the overall understand-
ing of the effectiveness of personalization and nudges in the food
domain. In line with the literature that describes how popular
recipes in food recommender systems lead to unhealthy outcomes
[55, 56], we have found that personalized rather than random recipe
recommendations lead to a decrease in the healthiness of chosen
recipes. This confirms that the commonly used, preference-based
and popularity-driven approach in recommender research [13],
leads to unhealthy outcomes in recipe recommendation.

Arguably surprisingly, we have found that this effect is not mod-
erated by the use of our informational nudges, the two front-of-
package nutrition labels. The latter can be contextualized in terms
of previous food recommender system research. Recommender ap-
proaches are typically assessed in terms of their focus on either user
preferences, nutritional needs, or a trade-off between both [36, 46].
In the current study, it seems that unhealthy user preferences have
prevailed over any health-related needs. This is arguably exacer-
bated by the limitations of the dataset sample used for our offline
and online evaluations, which contained rather popular recipes
(i.e., a mean preference rating of 4.5 out of 5), even more than so
than related datasets used in previous studies [55, 56]. Therefore,
in future studies, we opt to use a more diverse dataset in terms of
popular and non-popular recipes, to examine this problem using a
more representative sample of food-related products. Alternatively,
even though content-based recommender approaches may not yield
higher accuracy levels than collaborative approaches [14, 57], such
as the SVD employed in the current study, content-based recom-
mendation might be able to mitigate the popularity bias in recipe
recommenders (cf. [1]).

This study has applied a single nudging technique to a personal-
ized recommendation scenario. Although front-of-package labels,
such as the Nutri-score and the Multiple Traffic Light (MTL) label,
have increased healthy food purchases in brick-and-mortar super-
markets [6], their effectiveness for online recipes is less profound.
Recent research has suggested that digital nudges might need to be
combined to increase their effectiveness [23], although this applied
mostly to a non-personalized food retrieval system.

The findings on choice difficulty are also important for stud-
ies beyond the food domain. Although choice difficulty seems to
increase due to the use of personalization (i.e., using SVD over ran-
dom recommendation), this effect is reversed by the introduction of
nutrition labels. This suggests that whereas nutrition labels are not
helpful in a random recommendation context, their merit is higher
when the content is more alike, which is likely in a personalized
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scenario [5]. Our study has, thus, shown that although they may
not overcome the popularity bias in recipe recommendation, they
may facilitate better decision-making.

Contrary to recommender studies in other domains [30, 63], we
have not observed a significant increase in choice satisfaction for
the SVD recommender compared to the random approach. The
descriptive results, as indicated by Figures 2 and 4, suggest that
choice satisfaction may be related to the unhealthiness of chosen
recipes. Or, in other words, that there may be a positive relation
between the FSA score and choice satisfaction, which would further
confirm that users appreciate popular recommender content. At the
same time, this poses additional challenges for food recommender
studies, which may need to sacrifice accuracy to facilitate healthy
outcomes [46].

The results from RQ1-2 open up new research directions. For
example, it is interesting to examine what are other nudging tech-
niques, beyond nutrition labels and other informational nudges, are
more effective in supporting healthy choices, when integrated with
a personalization recommender. In line with the rationale of this
study and previous studies [24, 49], such an approach should not
come at the cost of evaluative outcomes, like choice satisfaction.
Moreover, it might also be interesting to examine to what extent
such nudging techniques can support changes in a user’s longer-
term eating habits and diet, for previous studies have suggested
that both recommender systems and nudges could affect long term
habits [31, 54].

For our third research question (RQ3), we predicted the health-
iness of recipes (FSA score). The results suggest that the number
of healthy eating goals that a user has, affects their recipe choices
at the health level. We have found the effect is moderated by the
perceived choice difficulty. This suggests that a non-confusing, un-
ambiguous decision environment is more effective at facilitating
the healthy eating goals of users. In terms of other user charac-
teristics, such as level of education and cooking experience, we
have observed no other significant predictors. We further find that
personalization positively correlates with FSA score. This suggests
that a high level of preference matching with the recommended
recipes can lead to unhealthy choices.

Finally, we conclude our discussion section by proposing novel
research questions, as a guide for future work. Some of these ques-
tions can also be applied to recommender domains beyond food:

e How can other types of nudging strategies (e.g., defaults,
social norms) be integrated with (food) recommender ap-
proaches to facilitate better (i.e., for food: healthier) decision-
making?

e How can user eating goals be integrated with both the sug-
gested content and the decision context of a recommender
system?

e To what extent do short-term food choices contribute to
behavioral change in the long term?
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